The climate change impacts on drought in the Korean peninsula were projected using Global Climate 
INTRODUCTION
In general, statistical downscaling for Global Climate Model (GCM) output can be classified into 'weather typing', 'weather generator' and 'regression method' (Wilby et al. ) . The artificial neural network (ANN) model is one of the most popular methodologies for downscaling GCM, because its application is relatively straightforward, and it has readily available solutions within the full range of available predictor variables. It can approximate complex functions through conceptually simple stepwise nonlinear transformations. The performance 10% of total annual precipitation in the region of Korean peninsula. Reportedly, due to its low resolution, GCM shows limitation in capturing typhoon generation occurred at sub-grid scale (Wu & Lau ) . The ANN downscaling performance was occasionally unstable during the monsoon season due to the GCM's computational limitation mentioned above. It is known that the performance of typhoon simulation by a numerical model depends largely on the computational scales (Meehl et al. ) . The physical and dynamic characteristics, frequencies and paths of typhoons can be simulated realistically by the models based on less than 20 km of the computational scale (Oouchi et al. ) . Since the high resolution MRI-AGCM version 3.2 with a 20 km-grid was developed by Murakami et al. (a, b) for capturing the global distribution of tropical cyclones, the challenging experiments for projecting future extreme storm using MRI-AGCMs have been followed. Drought projection was performed using reconstructed GCM output. For evaluating drought event, the drought index is frequently used as a quantitative analysis to assess and forecast drought events. The Standard Precipitation Index (SPI) has frequently been used to analyze the trends, periodicity, and frequency of drought occurrence and is evaluated using only precipitation while other indices are evaluated using soil moisture, streamflow, water balances, etc., which are affected by a number of uncertainty sources other than precipitation, for example, land use changes, water demands, etc. Therefore SPI was regarded most advantageous in capturing the direct impact of climate change on drought severity. SPI has been used for characterizing drought events by a number of scientists and engineers.
For example, Khadr et al. () studied a drought trend in Ruhr River basin using SPI and Lee et al. () investigated the statistical characteristics of past drought events using SPI (3, 6, and 12). Lee & Kim () reviewed drought variation using drought severity classes and drought duration times in SPI (3, 6, and 12) estimating these variables using GCM outputs under A2 scenarios. In this study, the frequencies and magnitudes of projected drought was assessed for the period 2011-2100.
METHODOLOGY Schematic procedure
The climate change impacts on drought events based on outputs based on IPCC's SRES B1, A1B, A2 emission scenarios were collected first. There are two main objectives of reconstruction for the original GCM output: first, to transform the GCM outputs with hundreds kilometer scale into ones with the Han River basin scale; second, to adjust the GCM output through regional bias correction and typhoon rainfall removal for enhancing the ANN model performance. The drought severity was estimated and projected using the drought index of SPI. The non-stationarity and existence of increasing and decreasing trends of the future projected drought index was validated using the Mann-Kendall test. Finally, variation of the future drought frequency and magnitude were estimated using drought spell analysis.
Reconstruction regional precipitation scenario using 
where x i (t) is the input to unit i of the input layer and z k (t)
is the output obtained at unit k of the output layer; i ¼ 1, 2, …, n I where n I is the number of inputs; h ¼ 1, 2, …, n H where n H is the number of hidden units; k ¼ 1, 2, …, n K where n K is the number of outputs; w h hi are the parameters, or weights, controlling the strength of the connection between the input unit i and the hidden unit h; θ i and θ h are the thresholds; w o kh are the parameters controlling the strength of the connection between the hidden unit h and the output unit k; f is the activation or
, that is, the logistic function for the input and hidden layers.
The training of a neural network is implemented to find a set of weights that minimize error between the target output and the output calculated by the neural network.
A Conjugate Gradient Descent and BFGS (BroydenFletcher-Goldfarb-Shanno) algorithm was used for training of the neural networks. The objective of training is to reduce the error between the desired output and the neural network output and defined in Equation (2)
where p is number of patterns; k is number of output; O kp is network output at the kth output node when applying pattern p; t kp is target output at the kth output node when applying pattern p. 
Drought projection using drought index (SPI)
The SPI The precipitation accumulated for the specified duration was fitted to the gamma distribution defined by its frequency or probability density function as follows:
where α > 0 is a shape factor, β > 0 is a scale factor, and x > 0 is the amount of precipitation, Γ(α) is the gamma function.
The resulting parameters are then used to find the cumulative probability of an observed precipitation event for the given month and time scale
Substituting t for x=β reduces the equation to an incomplete gamma function. Because the gamma function is undefined for x ¼ 0 and a precipitation distribution contains zeros, the cumulative probability results in the following equation:
where q is the probability of zero precipitation. The cumulative probability, H(x), is later transformed to the standard normal random variable z with a mean of zero and variance of one, which is the value of the SPI. 
where x stands for the amount of precipitation and H(x) represents the accumulation-probability-observed amount of 
APPLICATION Study area
The study area is the Han River basin, the largest in Korea Therefore the data from the Daegwanryeong station was disregarded in estimating areal mean precipitation for the Han River basin which is used for training and validating the ANN.
Downscaling of CGCM3.1 output
GCMs consist of dynamically integrated equations of fluid motion, typically for surface pressure, horizontal components of velocity in layers, temperature and water vapor in layers, radiation and heat balances for solar/short wave and terrestrial/infra-red/long wave. In addition, parameterizations are used to include the effects of various processes for convection, land surface processes, albedo, and cloud cover. Global or incomplete parameterizations could lead to regional biases being adjusted before being used as inputs to the impact models. The performance of GCM in capturing typhoons was tested for two different observation data sets with and without typhoon rainfall (-typhoon, and þtyphoon). The performance indices (CORR, R2, RMSE, NSE) for the GCM output were evaluated better for the observation (-typhoon) than observation (þtyphoon) ( Table 3) (Table 4 and Figure 5 ).
The GCM which projects future climate scenarios does not provide synchronized weather information. Nonetheless, the reason that most GCMs provide baseline scenarios together with projection scenarios is to enable users to understand the regional or global performance of a specific GCM output under the large-scale forcing conditions of a past period. It is notably important for regional users to be trained in the regional performance of a specific GCM using a baseline scenario. If a certain GCM is ideally perfect, the baseline scenario should simulate the average behavior and realistic variability of atmospheric phenomena, even though it does not match the synchronized observation. Whereas the high degree of variability embedded in the daily precipitation caused a decrease in the training performance, the relatively low variability and significant seasonality of the monthly precipitation helped to increase the training performance.
During the dry season, the precipitation under three emission scenarios show a randomly varying pattern. However, during the monsoon season there are significant non-stationary increasing patterns under all emission scenarios and the precipitation order in accordance with three emission scenarios appears significant for MF and LF periods (Figures 6 and 7) . The annual precipitation was projected to be increased by 9.8, 12.9, and 18.3% for the NF period under B1, A1B, and A2 scenario, respectively.
Drought projection using SPI
The projection of drought index was performed using the reconstructed GCM output under the IPCC B1, A1B, and A2 scenarios. The SPI was projected until 2100 ( Figure 8) under each emission scenario and analyzed for the three groups (NF, MF, and LF scenarios) with 3-decadal periods. given time series {X k , k ¼ 1, 2, …, n}, the Mann-Kendall statistical value for the time series is defined as follows:
where sign(x) is a function with a value of þ1 when the difference between two consecutive data is positive (þ), zero (0) if the difference is 0, and -1 if the difference is negative (-). There is an increasing trend if the value for T is a notably large positive number, but a decreasing trend if T is a notably low negative number.
The Mann-Kendall test (M-K test) was performed with a confidence interval of 90% to analyze drought trends using the projected and SPI (6) with the reconstructed GCM output during the period 2011-2100. Table 5 shows the Mann-Kendall test results for a monthly (January-December) SPI under the B1, A1B, and A2 scenarios. The signs (▴) and (▾) indicate statistically significant increasing and decreasing drought trends respectively, (Δ) and (▿) indicate increasing and decreasing trends without statistical significance, respectively. The drought trend analysis results using the SPI (6) indicated that drought would be mitigated in the future because the SPI is projected to be increasing with a 90% level of reliability in the data estimated for all scenarios and months.
Drought frequencies and magnitudes
To predict the frequency of drought occurrence based on different drought stages, drought spell analysis was conducted for the projected time series of drought index.
Drought is classified into four stages (mild, moderate, severe, and extreme). Figure 9 presents the frequency and magnitude of each drought stage obtained with the SPI (6) under the B1, A1B, and A2 scenarios. The drought frequency for the state of severe to extreme dry for NF, MF and LF period is less than 1% mostly. The frequency of the mild dry for A1B and A2 scenario drops from 67.78 However, the mild drought occurs with high seasonal variability, especially for the B1 scenario. In particular, the drought occurrence was relatively high during the spring season compared to the autumn season ( Figure 10 ).
SDF curves using drought frequency analysis
The SDF (severity-duration-frequency) curve is derived from drought frequency analysis using the reconstructed rainfall projection from 2011 to 2100. The SDFs using the rainfall projection with original GCM output and reconstructed GCM output were compared for illustrating why the underestimated GCM output should be adjusted in predicting reliable drought severity. The entire procedure is made up as follows. First, the monthly SPI (6) values for the original GCM rainfall projection and regional reconstructed projection are evaluated. Second, the SPI (6) was rearranged by the 3-decadal groups of NF, MF, and LF periods. Third, the best probability distribution for frequent analysis is selected through goodness-of-fit test of the KolmogorovSmirnov test (5% of significant level) for Gamma, Gumbel, 
and GEV (General Extreme Value) distributions. As a result, GEV distribution was selected as the optimal distribution.
Lastly, the SDF curve by the return period and duration is derived through frequency analysis. Figures 11 and 12 show the SDF curve for A1B, A2, B1 scenarios with x-axis of duration from 1 to 12 months, y-axis of drought severity, and 10, 20, 30, 50, 100, 200, 300 , 500 years of return periods.
The SDF curves illustrate the common patterns of alleviated drought severity for elongated drought duration for most future scenarios. In Figure 13 and Table 6 , drought severities evaluated using SPI (6) 
CONCLUSION
In this study, drought projection under the IPCC emission scenarios was implemented using reconstructed GCM output. The reconstruction was performed using a seasonal ANN and the projection was made for the years 2011-2100.
The drought was defined and evaluated using an SPI index.
The outputs from the CGCM3.1/T63 developed by CCCma were used for GCM outputs in this study. The outputs under the 20C3M scenario (reference scenario)
were used for training (1981-1995) and validation (1996-2000) , and those under the three emission scenarios were for projection expected, the SPI provided a mitigated drought projection in the study area and did so significantly for B1 scenario.
The drought outlook under the condition of disregarding typhoon rainfall could be largely conservative. The drought projection with dynamically or stochastically generated typhoon rainfall will produce a more realistic projection. However, it would lead to more mitigated drought projection.
Lastly, the SDF curve by return period and duration is derived through frequency analysis. The SDF curves illustrate the common patterns of alleviated drought severity for most future scenarios and elongated drought duration.
The underestimated GCM precipitation always has the potential risk of overestimating drought indices. However, the GCM projection reconstructed through regional bias correction using ANN recovers the underestimated precipitation and could provide realistic drought projection.
Under the reconstructed GCM scenarios, even the mildest B1 scenario showed a significant decrease of mild drought frequency even though there would be still uncertainties of spatial and temporal variability.
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